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ABSTRACT

We model the language of the courts by using a num-
ber of statistical techniques, and compare the models.
In the case of word-phrase bigram and word-phrase
trigram models, an issue which arises is the choice
of tokens to form the word phrase. We compare the
model obtained by choosing the pair which has max-
imal mutual information, and the model obtained by
assuming a binomial ditribution of words and using a
likelihood ratio test to choose pairs. The latter model
gives a greater reduction in perplexity. We also com-
pare the two choice methods on a corpus which is not
based on spoken material, and find similar results.

1. INTRODUCTION

The Australian court reporting services currently use
speech technology in the semi-automatic production
of court transcripts. Often during the course of a
trial, the judge or one or more of the lawyers will
request portions of the transcript for furter study.
The production of these transcripts is time consum-
ing, and a project is underway to attempt to provide
a voice-driven query and retrieval system for the au-
tomatic production of the requested segments of a
transcript. A part of this project is the development
of one or more language models for the language of
the courts, and we compare several probabalistic lan-
guage models.

Zhao et al[1] and Jardine and Adda [2] give a number
of techniques for the development of language models
with large vocabularies. In both cases, the training
and test data is based on newspaper material (the
Wall Street Journal and the Globe and Mail in [1],
and Le Monde in [2]). Suhm and Waibel [3], Giachin
et al[4,5] and Nagata [6] report on the development
of language models for spontaneous speech using sta-
tistical techniques.

For training, we have used the transcripts of two court
cases ¢l and c2. In both cases, approximately the
first 85% of the transcript, with the remainder being
held aside for testing. O’Kane and Kenne [7] give
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cl c2 Dracula
Training size (words) | 145K | 220K | 180K
% Coverage 85 990 92

Table 1: Training set details

characterizations of Australian court transcripts. We
also used the first 85% of Dracula (8] for training,
as a comparison with the models based on spoken
language. Table 1 gives details of the three corpora
used for training and testing.

2. THE EXPERIMENTS AND THE
MODELS

Word bigram and trigram models provide an easily
implemented means of language modeling, and have
been extensively studied. Table 2 gives the perplexi-
ties for word bigram and trigram models for the three
corpora ( linear smoothing [9] is used to handle the
case of unknown bigrams and trigrams).

cl | ¢2 | Dracula
Bigram | 23 | 36 38
Trigram | 13 | 21 25

Table 2: Perplexity for word n-gram models

The motivation in producing word phrase models
is the observation that the training text contains
(sometimes very) frequently occuring phrases, for
example, one of the training sets is a case involv-
ing environmental issues in building a new pier and
the phrases “the Great Barrier Reef” and “nickel
ore” occur frequently. For example, given the
sentence “The pier poses a danger to the Great
Barrier Reef marine life”, a word phrase bigram
model would consider the bigrams “the pier”, “pier
poses”, “poses a”, ..., “to_the_Great_Barrier_Reef”,
“the_Great_Barrier_Reef marine”, etc. rather than
considering the individual bigrams “the Great” etc.
(Of course, it is probable that individual words will
remain as part of the lexicon and that individual bi-
gram will still occur.) A further motivation for choos-
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Figure 1: Perplexity versus number of word-phrases c1

ing a word-phrase bigram or trigram model over a
bigram or trigram model is that bigram and trigram
models only capture the constraints very local con-
straints and underestimate phrase probabilities.

A simple procedure to determine which word se-
quences to include as phrases is as follows. For each
possible pair of adjacent tokens t;,¢; ( ¢; and t; are
either words or word phrases) create a new language
model which includes the word phrase ¢; 4; and de-
termine its perplexity. We choose the language model
with the smallest perplexity and repeat the proce-
dure. (This is essentially the optimal procedure de-
scribed by Giachin et al. for a bigram-pos model [5]
in the case where each word is initially assigned to a
separate class.)

This is clearly a computationally expensive proce-
dure, and a method of choosing the phrase candi-
dates is needed in order to reduce the computational
expense. A common approach is to choose the pair
of tokens #;,t; which have the maximal mutual infor-
mation [2]:

C(ti’ t]')

I(tirt) =108 736 )

where C(t;,%;) is the number of bigrams ¢;t;. This
measure or a variant which imposes a minimum
threshold T', and the bigram is required to occur at
least T' times to be chosen to form the next word
phrase. Figures 1 and 2 show the the decrease in per-
plexity for successive language models using mutual
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information content for T' = 10, 50, 100, for the cases
cl and c2. New language models were created until
there was no decrease in perplexity, or there were no
more bigrams with occurred at least T times (except
for the case T = 10, where we arbitrarily imposed an
upper limit of 375 phrases). In general, it is possible
for more than one bigram to have the same, maximum
mutual information content. In these cases, we form
phrases using all of the bigrams having the maximum
mutal information content. The decrease in perplex-
ity when T' = 1 is very slow (less than when T = 10)
and is not shown.

Dunning [10] points out: “... mutual information es-
timates based directly on counts are subject to over-
estimation when the counts involved are small ...”
and suggests the use of a maximum likelihood ratio
approach in choosing the pairs to form the next word

phrase. In this approach we choose the pair ¢;, t, for
which

lo L(Pl, kla nl)L(PZ, kz’ n2)
L(p1 kla nl)L(pv k27 nZ)

is maximal, where

L(pa k’ n) = pk(l - P)n—k,

ky is the number of occurences of the pair ¢1,%;, ko
is the number of bigrams ~ £1,t2 (~ £1,t2 represents
bigrams in which the first word is not ¢;), ny is the
number of bigrams having ¢, as the first word,n, is
the number of bigrams having a word other than ¢, as
the first word, p; = ki/n; and p = (k1 +k2)/(n1+ns).
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Figure 2: Perplexity versus number of word-phrases c2, Dracula

This method is based on the asssumption of a bino-
mial distribution of word-phrases and the fact that if
1 and ¢, are independent of each other, Pr(titz) =
Pr(t1)Pr(tz). Thus testing for the independence of
t1 and t; can be done by testing to see if the distribu-
tion of ¢; given that t5 is present is the same as the
distribution of ¢; given that ¢, is absent. For further
details, consult Dunning [10].

Figure 1 also shows the decrease in perplexity when
using this method to choose candidates for forming
word phrases (the line labelled ‘Bin’) in case c1. Ob-
serve that it gives a greater decrease in perplexity
than mutual information content with thresholds up
to 50. Figure 2 compares the decrease in perplexity
when using mutual information content with 7= 50
and the binomial choice procedure for both case ¢2
and Dracula. As for case cl, using mutual informa-
tion content gives a smaller decrease in perplexity.

Table 3 shows the performance of the word phrase
models for the three test sets.

cl | ¢2 | Dracula

Phrase Bigram (Binomial) | 16 | 23 29
Phrase Bigram (J 50) 19 | 28 32

Phrase Trigram (Binomial) | 9 | 12 17
Phrase Trigram (J 50) 10} 15 19

Table 3: Perplexity for word phrase n-gram models
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Figure 3 shows the maximum phrase length for the
binomial choice method for the two court cases. This
figure demonstrates that the binomial choice method
does not produce arbitrarily long phrases in practice.
Do the two choice methods produce the same set of
phrases? An examination of the sets of phrases pro-
duced using T' = 50 for case c1 showed that approxi-
mately 50% of the phrases in each set occurred in the
other.

3. CONCLUSIONS AND FURTHER
WORK

We have shown that the binomial choice method
for forming word phrases produces language mod-
els which give a perplexity of approximately 15% less
than the models produced using maximum mutual in-
formation, and that the phrases produced using the
binomial choice method do not grow arbitrarily long.
Future investigations include the effect of different
probability distributions on the reduction in perplex-
ity.
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